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1. Introduction 
 
  Structural damage detection and localization is a 
scientific field that has attracted a lot of interests in the 
scientific community during the recent years. There have 
been many studies intending to find a method to identify 
damage in a structure, which is also the main objective of 
the present study. Often, these methods are based on dy-
namic data analysis of the structures for damage detection 
and localization using optimization methods. 
  Numerical and experimental vibration modes 
were used to determine the position and the magnitude of 
damage using Coordinate Modal Assurance Criterion 
(COMAC) [1]. Messina et al. [2] have proposed an ap-
proach using natural frequency changes for the detection of 
damage that was later extended [3] to identify the extent of 
damage in several sites. Data validation was performed by 
free digital noise tests. This approach, however, may in-
volve significant computational effort when it comes to 
large structures. 
Another strategy is to use modal strain energy or 
mode shape to detect structural damage, which was intro-
duced by Shi et al. [4] and Guo and Zhang [5]. The dam-
age indicator using mode shape data to identify damage in 
beam-like structures has been studied [6]. Xiang et al. [7], 
in their work, have presented the most exciting damage 
detection methods using modal curvature and investigated 
the changes of the damage indicator between the intact and 
damaged state. 
Genetic Algorithm (GA) has been used to solve an 
optimization problem formulated for the detection and 
identification of structural damage by Chou and Ghaboussi 
[8]. The damage detection in a structure using Modal As-
surance Criterion (MAC), and COMAC and change in 
Local Frequency Ratio (LFCR) has been introduced by 
Khatir et al. [9]. 
Begambre and [10], and Gomes and Silva [1], 
have used two methods; one is based on the frequency 
sensitivity to damage and the second is based on optimiza-
tion and parametric finite element modeling techniques. 
Gautier et al. [11] have used the inverse single damage 
detection and localization using model reduction based on 
Proper Orthogonal Decomposition coupled by Radial Basis 
Functions (POD-RBF). Liu [12] investigated the location 
and severity of a single damaged element in a simulated 
planar truss by minimizing the square of the Residual 
Force Vector (RFV). Big Bang - Big Crunch (BB-BC) 
optimization method was found to be a feasible methodol-
ogy to detect damage location and severity, while introduc-
ing numerous advantages compared to other methods [13]. 
  The results found by Galvanetto and Violaris [14], 
in their study on a finite element model of a composite 
beam, showed that the developed algorithm based on prop-
er orthogonal decomposition was capable of detecting both 
location and severity of damage even under variable load-
ing condition with a high level of confidence. A vibration 
based Structural Health Monitoring (SHM) methods with 
emphasis on composite materials have been reviewed by 
Montalvao [15]. A new damage detection and localization 
technique based on the changes in vibration parameters 
using BAT and Particle Swarm Optimization algorithm 
was developed [16]. Furthermore, a damage detection and 
localization on thin plates based on vibration analysis 
using Bat algorithm was reported in [17]. The Transmissi-
bility has been commonly used in structural health moni-
toring and the transmissibility coherence was put forward 
to system identification for extracting natural frequencies 
[18, 19] The identification of damage was formulated as an 
optimization problem based on Genetic Algorithm using 
three objective functions (change of natural frequencies, 
Modal Assurance Criterion MAC and MAC natural fre-
quency). 
  A comparison between different techniques, was 
presented by Rytter [20], who proposed the following 
classifications: 
 Level 1: Detection, i.e. to indicate qualitatively 
that damage might be present in the structure.  
 Level 2:  Localization, i.e. to provide information 
about the probable location of the damage. 
 Level 3: Assessment, i.e. to quantify the extent of 
the damage.  
 Level 4: Consequence, i.e. to predict the remain-
ing life and the actual safety of the structure in a 
certain state of damage. 
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In this paper the damage identification problem, 
levels 1 to 3, is addressed with Genetic Algorithm (GA) 
and Particle Swarm Optimization (PSO). The objective 
functions used in the optimization process is based on the 
dynamic analysis data of the structure, i.e. natural frequen-
cies and mode shape. Various numerical examples are 
performed on simply supported uni-directionally rein-
forced graphite-epoxy beams having damage at multiple 
locations. The paper is organized as follows. In the next 
section, the methodology used in the damage detection 
algorithm is described. Next, in section 3, the finite ele-
ment simulations of the composite beams are presented. In 
section 4, the optimization algorithm is described followed 
by the objective function in section 5. Results and discus-
sion are presented in section 6, in which numerically simu-
lated data and experimental data are used. Finally, the 
paper ends with a conclusion section.     
 
2. Methodology  
 
 The damage detection and localization procedures, 
which we propose, are according to the following steps: 
 Modeling beam Structures using finite element 
method.  
 
 
 
Fig. 1 Methodological approach to the damage detection 
and localization  
 
 Introducing damage by stiffness reduction at a 
global level and identifying the dynamic modal data, i.e. 
natural frequencies and eigenvectors, which will be used in 
PSO and GA. It should be noted that degradation is propor-
tional to both longitudinal and transverse modulus. How-
ever, in finite element formulation is based on Timoshen-
ko's Beam theory, in which a one dimensional element is 
considered and the effect of transverse modulus is not 
included.  
 Compare the frequencies and eigenvectors pro-
posed by GA and PSO with frequencies and eigenvector of 
the structure under consideration.     
 Solving the inverse problem using the objective 
function defined in the optimization algorithm in order to 
locate and quantify damage using PSO or GA. 
The Methodological approach to the damage detection 
and localization problems are illustrated in Fig. 1. 
 
3. Finite Element Model of composite beams 
 
3.1. FE formulation 
  
 We consider in this paper a simply supported 
beam of pure unidirectional composite materials of finite 
element SI12 as shown in Fig. 2. the derivation of the 
beam element is based on Timoshenko beam theory and 
laminated composite theory [21]. 
 
 
Fig. 2 Finite element SI12 
 
We created the same beam properties, but discre-
tized in 10 elements as shown in Figure 2. Each node of 
the finite element has three degrees of freedom, namely 
normal displacement w along z-axis, a rotation γ around 
the y-axis and a longitudinal displacement u along the x-
axis The shear correction coefficient is the same as for 
isotropic beam, i.e. k=5/6 [21].  
 
3.2. Experimental validation of FE model  
 
In order to validate our finite element approach, a 
carbon fiber reinforced polymer (CFRP) cantilever beam 
testing is considered in this study [22] (see Figure 3), 
where the natural frequencies are calculated and measured. 
The reason to choose this experiment for validation is that 
it has been well discussed in [28]. The CFRP cantilever 
beam was firstly experimented with tensile tests and then 
with vibration testing. During vibration tests, an impact 
hammer (Brüel & Kjær) is used to excite the beam and 
responses are measured at different locations. Details about 
this experiment can refer to [22]. 
 
 
Fig. 3 Experiment setup of the CFRP beam testing [22] 
 
The natural frequencies of this tested beam is cal-
culated using our finite element approach and compared 
with the reference values as listed in Table 1, where one 
can find that little difference appear. This demonstrates the 
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well performance of our proposed FEA approach, and thus 
to give confidence in further application of our model for 
damage detection. 
 
3.3. Material properties for simulated data 
 
The material properties used in our simulated data 
and beam dimensions of AS4/3501-6 graphite-epoxy [23] 
are given in Table 2. The composite beam is discretized in 
10 elements as shown in Fig. 4. It is worth noting that in 
this study, we have modelled damage using a reduction in 
bending stiffness of the whole laminate. However, for 
instance if the composite beam consists of 10 plies, dam-
age in one ply would implied a stiffness reduction of
 
3 30.9
72.9% 0.729
12 12
Eb h Ebh 
 
 
 
. 
It should be noted that we have considered herein 
only longitudinal bending modes in the damage detection 
algorithm. Furthermore, we have used unidirectional lami-
nate, for which there is no coupling between bending 
modes and torsional modes. Therefore, there is no effect of 
shear modulus on neither the natural frequencies of bend-
ing modes nor on the damage direction algorithm. 
 
 
 
 
Fig. 4 Composite beam discretized in 10 elements 
 
Table 1 
Natural frequencies comparison between our FEA ap-
proach and the reference values  
 
Mode Reference [28] 
Our FEA 
model 
1 67.49 Hz 67.49 Hz 
2 423.00 Hz 422.89 Hz 
3 1184.53 Hz 1188.78 Hz 
4 2321.23 Hz 2338.18 Hz 
 
Table 2 
Dimension and material of composite beam 
 
Ply property Mean value 
Length, m 0.5 
Width, m 0.03 
Thickness, m 0.005 
Longitudinal modulus, GPa 141.96 
Transverse Shear modulus, GPa 6 
Density, kg/m3 1600 
 
4. Genetic Algorithm and Particle Swarm Optimization 
 
4.1. Genetic algorithm (GA) 
 
The Genetic Algorithm (GA) method is the most 
widely used type of Evolutionary Algorithm. A Genetic 
Algorithm is a probabilistic search algorithm inspired by 
Darwin overall survival of the fittest theory. In this optimi-
zation method, information about a problem is encoded in 
a gene known as an individual string (chromosome). Each 
of these individuals has a value of associated fitness, which 
is generally determined by an objective function to be 
minimized or maximized. Genetic algorithms have been 
shown to be able to solve the optimization problem by 
changing the operation of crossing and selection applied to 
individuals in the population [24]. In order to determine 
the ability of an individual to search a better solution, a 
fitness function is used to quantify how good is the solu-
tion represented by a chromosome. Depending on the prob-
lem characteristic, the fitness function can be of any form 
of mathematical formulation, e.g. it can be a minimized 
function. Mutation means a random change in the infor-
mation of a chromosome and to add diversity to the genetic 
characteristics of the population. It is applied at a certain 
probability, Pm, to each gene of the offspring. The muta-
tion probability also called mutation rate, is usually a small 
value, to ensure that good solutions are not distorted too 
much. Mutation of real variables means, that randomly 
created values are added to the variables selected. Fig. 5 
illustrates a pseudo code of a Genetic Algorithm for dam-
age detection. 
 
Begin  
           Initialize population (propose damage                           
randomly in beam structure) 
           Compute fitness of population 
Repeat  
Reproduction  
Crossover  
Mutation 
           Compute fitness (Eq. 5) of population compare the fre-
quencies and eigenvector proposed by GA and PSO using FEM 
and given in study structure;  
           Until (termination criteria) damage detection and lo-
calization;  
        End  
 
Fig. 5 Pseudo Code of GA for damage detection and local-
ization 
 
4.2. Particle swarm optimization (PSO) 
 
The PSO algorithm was first proposed by Kenne-
dy and Eberhart, has been used widely in the recent years 
and has been modified in a variety of versions that could 
handle the majority of optimization problems with or with-
out the presence of constraints. It involves a swarm, mod-
eled as a number of individual particles, moving through 
the search space in searching for a global optimum. The 
particles communicate with their neighbors over the pro-
gress made so far and adjust their moving velocity accord-
ing to that information. First, a population of candidate 
solutions is created randomly, each of which is considered 
to be a particle moving through the multidimensional de-
sign space in search of the position of a global optimum. 
The particle can be characterized by its physical position in 
the space and its velocity vector, while it has the ability to 
remember two important information; i.e. the best position 
it has passed so far or a personal best (P_best) and the best 
position that any other particle of the swarm has passed so 
far or a global best (G_best). The acceleration coefficients 
of PSO, c1 and c2, represent the degree of “confidence” in 
the best solution found by the individual particle. The latter 
is possible because each particle has the ability to com-
municate with a number of neighboring particles, which 
are defined by a predetermined network topology. The 
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fitness of each particle shows the quality of each solution 
and is evaluated by a fitness function. In every iteration the 
speed of the particle is updated in a stochastic way [25]. 
Fig. 6 illustrates a pseudo code for a particle swarm opti-
mization PSO. The update equations for the speed and 
position of a particle are: 
             
       
,
1 1
2
1
,
i i Pb j j
Gb j
v t w v t c r x x t
r x x t
    
 
 
(1)
 
       1 1i i ix t x t v t    , (2) 
where 𝑤 is inertia weight parameter,  ,Pb jx  is vector of 
the personal best location found by the particle j until  
current iteration,  Gbx  is vector of the global best location 
found by the entire swarm up to the current iteration, 
  iv t  is the velocity vector of particle j at time t, 
  jx t  is the position vector of particle j at time t,  r1 and 
r2 are vectors containing random numbers with uniform 
distribution in the interval [0, 1]. 
 
For each particle  
    Initialize particle (propose damage randomly in beam struc-
ture)  
END 
Do 
    For each particle  
        Calculate fitness value (between given (frequency and ei-
genvector) of study structure   and proposed by PSO) Using 
Finite Element method  
        If the fitness value is better than the best fitness value  𝑥𝑃𝑏 in 
history 
            set current value as the new 𝑥𝑃𝑏 
    End 
    Choose the frequency with the best fitness (Eq. 5) value of all 
the frequencies as the 𝑥𝐺𝑏 
    For each particle  
        Calculate particle velocity according (Eq. 1) 
        Update particle position according (Eq. 2) 
    End 
 
Fig. 6 Pseudo Code of PSO for damage detection and lo-
calization  
 
5. Objective function  
 
In both PSO and GA algorithms, several parame-
ters are used to minimize the fitness function (see later 
Eq. (5)). In PSO, the coordinates of the particles in a two-
dimensional space are the parameters used to search the 
damage position and severity, using 100 particles. In GA, 
each of the 100 individuals contains two chromosomes 
representing the required damage parameters using a total 
number of iterations of 500. After several applications, a 
crossover coefficient of 0.8 and mutation of 0.1 were used 
in the GA parameters, while c1 = c2 = 2.0 considered in the 
PSO method. 
The objective function used in the optimization 
process is based on the dynamic analysis data of the struc-
ture such as natural frequencies and mode shapes. This 
function generates an output from the set of input varia-
bles. The objective is to modify the output in some desira-
ble fashion by finding the appropriate values of input vari-
ables. In this work, the objective functions are based on 
Modal Assurance Criterion and changes in natural fre-
quencies. 
In our study, the Modal Assurance criterion 
(MAC) is based on comparison between the changes in the 
mode shapes obtained from both damaged and undamaged 
tests of the studied structure. A matrix [5×5] is calculated 
using optimization method and FEM.  MAC indicates the 
degree of correlation between two modes and ranges from 
0 to 1, with 1 for perfect correlation and 0 for no correla-
tion. The deviation from 1 can be interpreted as a damage 
indicator of   structures. The MAC is defined as [26]: 
 
 
2
,
T
m a
i j T T
m m a a
MAC
 
 
   
 , (3) 
where 
T
m
  is the measured eigenvector and a is the calcu-
lated eigenvector. 
The natural frequencies are used as diagnostic pa-
rameters in the procedures for structural assessment using 
vibration monitoring. The first four natural frequencies for 
this numerical example are calculated. A great advantage 
of using natural frequencies for damage assessment in 
structures is that they are cheaply acquired and the ap-
proach may provide an assessment of the economic struc-
ture technique [27]: 
 
 
 
2
2
m a
n
i i
m
i
i
 



   , (4) 
where i is mode number (i=1, 2, 3… n), m
i
  is measured 
natural frequencies and a
i
  is calculated natural frequen-
cies. 
In this study, the statement for the objective func-
tion is defined by: 
 
 
2
2
Fitness 1
T
n
i jm a
i i T T
i i i j j
 
 
   
    . (5) 
6. Results and discussion  
 
6.1. Single damage 
 
Three different damage locations are studied, 
namely, damage near the hinged support (damage scenario 
D1), damage near the center of the beam (damage scenario 
D2), and damage near the roller support (damage scenario 
D3) positioned in the 2nd, 5th and 8th elements with a dam-
age rate of 60%, as shown in Figs. 7, 8 and 9, respectively. 
A comparison of fitness evolution for the case of single 
damage of the three damage scenarios using both algo-
rithms, GA and PSO, is shown in Figs. 10, 11 and 12. The 
comparison of damage location with GA and PSO are also 
given in the Tables 3 to 5. 
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Fig. 7 Single element damage (Element 02) – damage 
scenario D1 
 
 
 
Fig. 8 Single element damage (Element 05) – damage 
scenario D2 
 
 
 
Fig. 9 Single element damage (Element eight) – damage 
scenario D3 
 
 
 
Fig. 10 Fitness convergence of PSO and GA for damage 
scenario D1 
 
 
Fig. 11 Fitness convergence of PSO and GA for damage 
scenario D2 
 
 
 
Fig. 12 Fitness convergence of PSO and GA for damage 
scenario D3 
 
 
Table 3 
Damage detection using PSO and GA for single element 
damage (Element 02) – damage scenario D1 
 
Elements Real dam-
age 
PSO GA 
1 0 0 0.078 
2 0.6 0.599 0.485 
3 0 0 0.023 
4 0 0 0.009 
5 0 0 0.003 
6 0 0 0.059 
7 0 0 0.011 
8 0 0 0.268 
9 0 0 0.049 
10 0 0 0.244 
 
From the results of the single damage cases in the 
three different damage locations, it can be seen that PSO 
gives a more clear  indication  about  both  the  position 
and the rate of the damage than Genetic Algorithm GA. 
Furthermore, it can be seen that the convergence rate that 
the convergence of PSO is much faster than that of GA. 
 
Table 4 
Damage detection using PSO and GA for single element 
damage (Element 05) – damage scenario D2 
 
Elements Real damage PSO GA 
1 0 0 0.065 
2 0 0 0.036 
3 0 0 0.053 
4 0 0 0.090 
5 0.6 0.6 0.495 
6 0 0 0.011 
7 0 0 0.044 
8 0 0 0.063 
9 0 0 0.053 
10 0 0 0.033 
 
Table 5 
Damage detection using PSO and GA for single element 
damage (Element 08) – damage scenario D3 
 
Elements Real damage PSO GA 
1 0 0 0.015 
2 0 0 0.037 
3 0 0 0.043 
4 0 0 0.071 
5 0 0 0.015 
6 0 0 0.018 
7 0 0 0.057 
8 0.6 0.599 0.540 
9 0 0 0.041 
10 0 0 0.024 
 
6.2. Multiple damage  
 
Multiple damage case is studied by considering 
three different damage locations (damage scenario D4), 
positioned at the 2nd, 5th and 8th elements with a damage 
rate of 10% in element 2, 30% in element 5 and 50% in 
element 8 as shown in Fig. 13. A comparison of fitness 
evolution of the three damage locations is shown in the 
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Fig. 14. The comparison of three damage locations with 
GA and PSO is also given in Table 6. 
 
 
 
Fig. 13 Multiple element damage (Elements 2, 5 and 8) - 
damage scenario D4 
 
 
 
Fig. 14 Fitness convergence of PSO and GA for multiple 
damage - damage scenario D4 
 
From the results of multiple damage case, it can be 
seen that despite several damages, PSO gives a more clear 
indication about both the position and the rate of the dam-
age than GA. Furthermore, in PSO the error between real 
and calculated damage is very small. 
Table 6 
Multiple damage detection and localization using PSO and 
GA (Elements 2-5-8) for damage scenario D4 
 
Elements Real damage PSO GA 
1 0 0 0.162 
2 0.1 0.1 0.158 
3 0 0 0.007 
4 0 0 0.087 
5 0.3 0.299 0.134 
6 0 0 0.049 
7 0 0 0.025 
8 0.5 0.499 0.345 
9 0 0 0.071 
10 0 0 0.012 
 
6.3. Damage detection with noise  
 
In order to investigate the noise effects on the re-
sults of our approach (Eq. 6). The ith noise response 
𝑁𝑑𝑖(noisy), is simulated by [28]: 
   1
i id d
N Noise N  , (6) 
where σ is the noise level and γ is a random number in the 
interval [−1, 1]. In this study, σ is considered 5% and 10%. 
The noise levels of 5% and 10% are applied to single dam-
age scenario (D2) and multiple damage scenario (D4, but 
with damage rate of 20% in element 2). Optimization re-
sults for D2 and D4 with noise levels 5% and 10% using 
PSO are shown in Tables 7 and 8, respectively.  
 For single and multiple damage cases with two 
levels of noise 5% and 10%, it can be seen from Tables 7 
and 8 that the results are affected. The comparison between 
of the predicted d and real damage is still pretty accurate 
with small errors in some elements. 
Table 7 
Single damage scenario (D2) with noise levels 5% and 
10% using PSO 
 
Elements Real 
damage 
Damage with 
noise 5% 
Damage with 
noise 10% 
1 0 0 0.001 
2 0 0 0 
3 0 0 0 
4 0 0 0 
5 0.5 0.498 0.491 
6 0 0 0 
7 0 0.001 0 
8 0 0 0.002 
9 0 0 0.001 
10 0 0 0 
 
Table 8 
  Multiple damage scenario (D4) with noise levels 5% and 
10% using PSO 
 
Elements Real 
damage 
Damage with 
noise 5% 
Damage with 
noise 10% 
1 0 0.001 0.010 
2 0.2 0.199 0.193 
3 0 0 0.0009 
4 0 0 0.0021 
5 0.3 0.297 0.291 
6 0 0 0.0031 
7 0 0 0.0018 
8 0.5 0.498 0.482 
9 0 0 0.001 
10 0 0.001 0 
 
7. Conclusion  
 
In this paper, a method for inverse problem is 
proposed in order to detect and localize damage in compo-
site beam-like structures. The proposed technique makes 
use of Genetic Algorithm (GA) and Particle Swarm Opti-
mization (PSO) methods. The objective function is based 
on calculated natural frequencies and Modal Assurance 
Criterion. The results show clearly that PSO is better than 
GA for damage detection and localization in case of single, 
multiple and uniform damage scenarios. Furthermore, 
Genetic Algorithm has a larger computational cost than 
PSO. The latter exhibited in general better performance in 
terms of convergence speed. Noise levels were added to 
the modal data to test the accuracy of the method using 
PSO. The comparison between the predicted and real dam-
age illustrates the efficiency of the algorithm in damage 
detection when noise is present in structures.  
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MULTIPLE DAMAGE DETECTION IN COMPOSITE 
BEAMS USING PARTICLE SWARM OPTIMIZATION AND 
GENETIC ALGORITHM 
 
S u m m a r y   
 
This paper presents a methodology for damage detection 
and localization in composite beams using vibration data, Particle 
Swarm Optimization (PSO) and Genetic Algorithm (GA). The data 
was acquired by developing a program that performs dynamic 
analysis of unidirectional graphite-epoxy composite beams 
based on the Finite Element Method (FEM). The objective func-
tion makes use of natural frequencies and Modal Assurance Crite-
rion. The proposed methodology is validated using numerically 
simulated data and experimental data. A comparative study 
between the performances of PSO and GA in detecting multiple 
and single damage scenarios is carried out. Then, the effect of noise 
is investigated by taking different noise levels in the modal data. It 
appears that the noise has a negligible effect on the performance of 
the presented approaches. 
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